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ABSTRACT 

This report describes progress made in isolated word speech recognition using multi-layer 
perceptrons (MLPs) on a digit database. The emphasis of the approach is the incorporation of 
a priori knowledge to sub-divide the speech recognition problem into a set of easier-to-solve 
sub-problems. This is achieved by dividing the recognition system into a set of modules. 
These pre-defined modules are trained separately and then finally combined together. One 
important aspect of the design is the acoustic-phonetic intermediate representation of the 
speech signal that is employed, and it leads to a system which is organized in two distinct 
levels. It was found that the MLP recognition system performed better than standard 
established HMM and DTW approaches used at UCL in the task of speaker-independent digit 
recognition. Some aproaches to reduce the number of weights in the recognition system were 
then investigated and are discussed. 

1. PROBLEMS IN AUTOMATIC SPEECH RECOGNITION 

A future (albeit distant) goal for speech recognition by machine is to have a system that 
exhibits human speech recognition performance, and such a device would clearly have many 
potential applications. However, this is a difficult specification to meet. For example, a 
speech recognizer capable of operating as a dictation machine would require a working 
vocabulary from between 10,000 to 50,000 words, preferably with continuous speech input. In 
addition such a system would also be required to operate with any speaker and in any 
reasonable environment (such as an office). Such a system highlights several important points 
in automatic speech recognition. 

l] Speech recognition becomes more difficult as the vocabulary of the speech recognizer 
increases for several reasons: 

Firstly, as the number of words increases, the opportunity to confuse words with similar 
sounding words (that is, words with similar phonetic content) increases. Consequently, the 
probability of correctly identifying a given word will often decrease with increasing vocabulary 
size. The nature of the fall in recognition accuracy for a given word will depend on the 
confusibility of the vocabulary. 

Secondly, as the vocabulary becomes larger, the computational load required to make a 
recognition will increase, and it can rapidly become impractical to use brute-force search 
techniques to find the best fitting word. Consequently countermeasures have to be taken. 

Another important issue with large vocabularies is the difficulty posed by the acquisition and 
labelling of the suitable databases required to train the speech recognizers. One problem with 
using schemes that use word models is that they require many repetitions of every word in 
the vocabulary, and this implies very large databases. This is an argument in favour of using 
sub-word models of the speech, for which more modest database sizes can give reasonable 
recognition performance. There are other arguments for using sub-word models, and some of 
these will be discussed later. 

21 Continuous speech recognition is much harder than isolated word recognition. This is 
because with the former word boundaries are difficult to locate, and there are CO-articulation 
effects between words. In addition content words are often emphasised whereas function 
words are often poorly articulated (Lee, 1990). 



31 The recognition task is made harder by the presence of background noise and signal 
distortions. Speaker independent operation is considered to be one of the hardest problems in 
ASR, and most commercial recognizers are speaker dependent. 

41 Speaker-independent speech recognition is more difficult than speaker-dependent 
recognition. This is because there are differences in the realization of utterances across 
speakers at both the acoustic and phonetic levels. These differences stem from anatomical 
variations in the vocal apparatus of different speakers and from their different linguistic 
backgrounds. 

The present state-of-the-art speech recognition systems make the general problem more 
manageable by constraining it in a variety of ways. They demand that the recordings be 
carried out in good low-noise conditions and that the utterances be produced by co-operative 
speakers. The vocabulary is often no more than 1000 words and often systems are operated 
speaker dependent. In the case of continuous speech recognition, a grammar is frequently 
used to constrain the choice of words at each stage still further. Without these syntactic and 
semantic constraints the performance of current large vocabulary continuous word recognition 
systems would be unacceptably poor. 

Delaved decision makin~ in the interpretation of speech. 

Automatic speech recognition (by machine) typically involves first the analysis and then the 
classification of the input utterance into one of the allowed utterances in the vocabulary of 
the system. In practice, the classification is usually performed by an algorithm which selects 
the best 'fit' (or best sequence of 'fits' in the case of continuous speech recognition) from all 
the possible choices (of words) available. 

It is important, especially in the case of continuous speech recognition, that the interpretation 
of the input data is not made too locally in time, but rather the decision as to the unit (for 
example phonetic feature of speech) or sequence of units is delayed until there is enough 
information available to make a reliable and accurate decision. It is well accepted that human 
beings use both semantic and syntactic constraints to interpret speech. Thus, for a human 
listener, the interpretation as to the words present in a spoken message will be made on the 
basis of the entire message, rather than on the basis of small (for example, a one second 
observation) of the speech signal. 

In addition, the pre-processing of the speech signal should not result in hard decisions being 
made at a low level of abstraction that result in false interpretations that cannot be 
recovered from at a higher level. 

2. ESTABLISHED TECHNIQUES FOR AUTOMATIC SPEECH RECOGNITION 

There are currently two main techniques employed for automatic speech recognition. These 
are dynamic time warping (DTW) using dynamic programming, and the use of Hidden Markov 
Models (HMM). Both of these techniques offset the decision process, as discussed above. 
There is also current interest in speech recognition using artificial neural networks, although 
it is still at the research stage, and one such an approach is investigated in detail later in 
this report. 

Dynamic time warping speech recognizers. 

Dynamic programming is one of the simplest techniques used for speech recognition, and for 
relatively small speaker dependent vocabularies the performance of such systems can be very 
high. However, dynamic programming recognizers have various problems associated with them. 
They usually model the speech as whole words directly in terms of an acoustic representation 



of the input utterance and consequently need templates for each word in the vocabulary, and 
also for each strongly different variation of each word. Thus different speakers may well 
need different templates, and a speaker-independent system will need templates for each word 
in the vocabulary for a range of different speaker types. The recognition operation requires 
finding the best fit of the input utterance to one of many reference templates, with the 
intention of identrfying the unknown utterance. When the vocabulary becomes large, and the 
operating conditions become wide, a large number of templates are needed and consequently 
the computation load can becomes very large. This problem can be overcome to some extent 
by using parallel hardware or by 'pruning' the search space of allowable templates, but the 
fundamental problem remains. 

Hidden Markov model speech recopnizers. 

Hidden Markov model speech recognizers model speech statistically in terms of a set of 
stationary states. The parameters of the speech signal that are employed vary between 
systems, but are usually of the form of some basic acoustic analysis, such as cepstral 
coefficients or vocoder data. The limitations of the HMM as a model for speech (that is, a 
sequence of stationary states) have often been pointed out (Lang et al, 1990). In addition, 
there is no completely satisfactory way to deal with cross-speaker and environmental 
variabilities with the direct HMM approach, although the use of multiple vector quantization 
codebooks is an attempt to do this. However, at present Hidden Markov models approaches 
give the best results for speaker-independent large vocabulary continuous speech recognition 
systems. The current best system is arguably the SPHINX speech recognizer (Lee et al, 1990). 
Such systems make use of sub-word models in order to make the system training a tractable 
problem to solve. 

3. LEVELS OF MODELLING OF SPEECH 

When looking for suitable representational units in which to analyse speech, perhaps the most 
obvious unit to chose is that of the word. This is a particularly appropriate choice in an ASR 
system because we almost always require an output response of the system in terms of a 
sequence of these particular units. 

The advantage of modelling speech at the word level directly is that such models allow the 
system designer to be oblivious to the internal structure of the words in the vocabulary, since 
the word models must capture CO-articulation effects, etc, themselves. However, when large 
vocabulary recognition systems are used, using word models gives rise to problems. This is 
because a separate model is required for each word and often of a set of variants of each 
word. Consequently such systems require a large amount of training data, need a lot of 
training time and take up a lot of memory. Also, adding a new word to the vocabulary 
requires many examples of that word in order to satisfactorily train its new word model. 

The reason it is possible to contemplate using sub-word models for speech stems largely from 
the fact that the speech signal is hierarchically organized. Consequently, to analyse speech 
into units smaller than word units is a natural thing to do. There are many good reasons why 
one would wish to do this. If speech could be represented by a relatively small number of 
simpler primitive patterns, these could then be used to describe the larger units in speech, 
such as words. Such a representation of the speech signal would be less redundant than the 
original acoustic representation, and consequently computational and storage requirements for 
its subsequent use would be reduced. 

From the point of view of the speech recognizer system, training will also be made easier by 
performing a hierarchical analysis of the speech into a set of primitive sub-patterns. There 
are several reasons why this is the case: 

l ]  If small set of sub-patterns can be detected in the speech which can be used to build 



word models, then the occurrences probability of a given sub-pattern will be much higher than 
that of a given word. Consequently, less data will be required to define the sub-patterns than 
is required to define each word in the vocabulary. On the basis of this fact alone, sub- 
pattern detectors will be easier to train than word detectors. 

21 A sub-pattern is, by definition, simpler than a larger pattern that can be described in 
terms of a such sub-patterns. Consequently, one would expect that the transformation of the 
speech signal required to detect a sub-pattern will be of lower complexity than would be 
required to detect a word directly. Consequently, the sub-patterns detectors should be easier 
to train than direct word detectors, since they constitute simpler systems. 

31 If the system used for word detection (for example, isolated word recognition) is 
unconstrained, then it will be a difficult task for a learning rule (optimization technique) to 
find a suitable solution to the problem. In any estimation problem, it is desirable to constrain 
the model as much as possible. By reducing the degrees of freedom, the estimation process 
will generally need less training data and require less processing time to find a solution. One 
way of reducing the degrees of freedom is to specify as much of the nature of the 
transformation as possible a priori. One could consider demanding the use of a set of simple 
sub-pattern detectors as a constraint on how the problem must be solved, which thus makes it 
easier to solve. 

An extension to this approach is not only to specify as much gross structure a priori as 
possible, but also to train the different parts of the speech recognition system separately. 
The consequence of this is hopefully to sub-divide a difficult complex problem into a set of 
simpler problems. There is a long standing difference of opinion on whether humans acquire 
all their structure for language (and other) processing by experience, or whether or not it is 
specified a priori by the genes. This empiricist versus rationalist argument has been a 
debated by philosophers for a long time. It is clear that there are elements of truth in both 
theories, and what happens in practice is some sort of compromise between these two 
extremes. The view of speech recognition system design taken here is that it is a good idea 
to specify as much of the coarse structure of the transformations needed for speech 
recognition as possible a priori, and then to used modular training within this constrained 
system to fill in the details of the required transformations. 

It is obviously important that any a priori constraints applied to the system are appropriate. 
That is, the initial model must be general enough to permit a good enough solution to be 
found. 

4. ACOUSTIC PHONETIC REPRESENTATION OF SPEECH 

In order to incorporate a priori knowledge into a speech recognition system by analysing the 
speech into a set of primitive sub-patterns, it is necessary to have some idea what these sub- 
patterns should be. There exists the broad field of phonetics which provides a source of 
information concerning the important sounds in speech necessary to discriminate between 
different words. One such set of units would be to make use of phone units, which are the 
basic sounds of speech. If possible, phoneme detectors would constitute a good representation 
of the speech. However, since a phoneme corresponds to a set of phones, it was felt that the 
latter would be simpler detectors to train and in addition probably be more reliable. It may 
be possible to train phoneme detectors at a later stage by using phone detectors as their 
input. The work described in this report uses feature of the speech signal closer to the 
acoustic level than this level of representation, although phone features would no doubt give 
similar results. 

There is often a reduction in recognizer performance when the switch between word and 
phone models is made, because phone models do not account for co-articulation as well as he 
word models. However, it is believed that this problem arises from the way in which such 
unit models are used. There is a big difference between how phone models in a HMM 



recognizer are used and using acoustic-phonetic feature detectors in the manner that they are 
employed in the MLP word recognizer described in this report. In the latter cases, the output 
from the phonetic feature detectors are not interpreted as such, but rather treated as a level 
of non-linear pre-processing of the speech signal which emphasises the phonetic qualities. 

Advantages of acoustic-uhonetic features. 

A phonetic description of speech can correspond to many acoustic realization of the utterance. 
As a consequence of this, a phonetic description provides a means to normalize speaker 
differences at the acoustic level. The effect of a phonetic representation is that it provides 
normalization of speaker characteristics up to the phonetic level and are independent of 
acoustic environments. 

The "complexity" of the phonetic representation of speech is lower than the acoustic 
representation of speech. This observation is verified by the fact that it is possible to get 
very high word recognition results using a linear classifier operating on the phonetic features 
whereas a non-linear classifier is needed if the acoustic data (vocoder data) is used directly as 
an input (Howard & Huckvale, 1988; Peeling & Moore, 1986). 

5. THE MULTI-LAYER PERCEPTRON 

The pattern recognition technique employed in this work for both operation at the acoustic- 
feature level and the word level was the multi-layer perceptron (Rumelhart et al, 1985). This 
technique has been shown effective for many speech pattern processing tasks (Boulard & 
Wellekens, 1987; Peeling et al, 1986; Howard & Huckvale, 1987) and better than many standard 
methods for speech pattern processing (Huang & Lippmann, 1987). In addition it provides a 
convenient formalism for constructing systems that are trained in parts (Waibel et d, 1988) 
and then combined together to provide a network that is organized hierarchically (Howard & 
Huckvale, 1989). Also, the uniform structure of the MLP makes real-time implementations 
with special DSP systems relatively easy (Howard & Walliker, 1989). 

The MLP was trained using the back-propagation rule and in some cases with an adaptive 
selection of the momentum term and learning rate (Chan & Fallside, 1987). In addition, the 
learning also made use of an emphasis matrix for the different pattern classes. 

Pattern sorting. 

The data pattern vectors used to train the MLPs were sorted into representative groups such 
that each group had at least one of each kind of pattern class in it. The proportion of each 
pattern classes in each representative group reflected the overall proportions of the pattern 
classes in the training data. For example, if there were 200 patterns with label V and 100 
patterns with label F, then the smallest representative group of patterns found by this 
approach would consist of three patters; two of class V and one of class F. 

The advantage of using this procedure is that it is then possible to make MLP weight changes 
over a relatively small set of patterns, but ones which are a good reflection of the possible 
range of patterns in the data set. This is better that making the update after each pattern, 
because the latter is not guaranteed to give a good gradient descent, and the direction of the 
weight changes tends to fluctuate widely between successive updates. This latter phenomenon 
make it impossible to use adaptive learning rate and momentum term learning schemes. In 
addition one would not wish (in practice) to update the weights only once per pass of all the 
data, since this would result in very slow learning. This is because it is only possible to alter 
the weights by a relatively small amount per update, and since the time taken to determine 
each update would be relatively large in this case, to perform enough updates to find a 
suitable solution would take a long time. 



Selective emphasis training of the MLP. 

A method for changing the relative emphasis of different pattern vectors was briefly 
investigated. This method was originally applied to the problem of speech fundamental period 
estimation using the MLP, and the results obtained were most encouraging (Details will be 
published in the near future). This technique operates by scaling the weight changes that 
result from a given pattern by a factor that depends upon the estimated importance of that 
pattern. The importance of the pattern vector is estimated with regard to several 
considerations. 

Firstly, the importance of a pattern to the classifier can be specified a priori if it is possible 
to have an idea of how reliable that output class is. For example, one would have more 
confidence that the centre of a voicing region should be classified as voicing present than at 
the edge of the voicing region. Consequently, it makes sense to de-emphasise boundaries, 
since their precise location is often difficult to assess. 

Secondly, it may be useful to emphasize the weight changes arising from different pattern 
classes by different amounts. In the case of a pattern class that only occurs infrequently, the 
contribution to the weight changes from the high output class may be small compared to the 
contribution from the low classes. However, since the effect of this is to alter the 
occurrence probability of the pattern classes, such a scheme cannot be used alone because in 
will results in a large number of false alarms being generated. 

Thirdly, it has been found valuable to concentrate the training on the patterns that are 
falsely recognized, and not overwhelm the MLP with less important weight changes from the 
data that is dealt with acceptably. This can be achieved by making the emphasis dependent 
on the output from the MLP as well as the target pattern class. Thus a pattern that gives 
rise to an output above a preset threshold gives rise to weight changes which are scaled 
differently than if the output was below the same threshold. In practice two thresholds were 
employed, one for high output target patterns classes and another for low output target 
pattern classes. It is possible to arrange the emphasis such that patterns that give MLP 
outputs which are close enough to the targets give rise to weight changes that are ignored 
(and need not be computed, thus speeding up program operation). This makes it possible to 
reduce the contribution of certain regions in the training data to zero if required. 

The parameters used with the technique are critical, and for the work here a low threshold 
L=0.1  and a high threshold H=0.9 were used to indicate when the output from the recognition 
is close enough to the binary targets for their corresponding updates to be ignored. 

The effect of the selective emphasis appears dependent upon the problem. In a large number 
of cases, the selective emphasis method reduces the training time and also gave rise to output 
that are better canonical representations of their targets than could be obtained with the 
same network with normal training. 

6. THE RSRE DIGITS DATABASE 

The speech recognition work carried out here only addresses the issue of a small vocabulary 
isolated word recognition system. The vocabulary will be expanded to a larger number of 
isolated words in the near future. 

The database used was the RSRE 40 speaker ten digit database and the least consistent 20 
speakers were used for the all the recognition experiments. In the speaker independent 
experiments, 15 speakers were used for training, and the remaining 5 were used for testing. 
Initially 1500 digits were used for training and 500 for testing. In the final experiment, the 
test data set was expanded to 2000 digits. The multiple-speaker experiments used all the 
speakers for both training and testing. The training data set consisted of 1400 digits and the 
test set consisted of 600 (unseen) digits. 



Acoustic pre-processing of the speech data. 

The data was supplied by RSRE with the digits detected, cut and processed by means of a 19- 
channel vocoder (Holmes, 1980). The data frames were quantized into 16 levels and sampled in 
20ms frames. The input frames were typically in the range 0 - 50 and were scaled to the 
range 0 - 1 by multiplying the input elements by a factor of 0.02. 

7. ACOUSTIC-PHONETIC FEATURE DETECTORS 

Labelling of the speech data. 

The phonetic labels used were chosen to permit discrimination of the digit database and more 
phonetic labels would be needed to discriminate a larger vocabulary. 

One repetition of each digit for each speaker was labeled by hand and then an automatic 
technique was employed to transfer the annotations to the other repetitions by means of a 
dynamic programming algorithm, somewhat akin to DTW speech recognition (Chamberlain & 
Bridle, 1983). The advantage of such a scheme is that it is quick, easy (no more hand 
labelling is involved) and the labels generated in this way are self-consistent. The annotation 
labels were converted to features by means of a look-up table. The features present in each 
word are shown in table 2, with the exception ot the word 'two', which did not contain 
'FRIC', 'EE-IH' and 'ER'. 

Training the MLP acoustic-phonetic feature detectors. 

The input patterns were generated by sweeping a window over 5 adjacent frames of the 
vocoder data and the corresponding output vector consisted of the 17 features as they were 
defined at the centre of the input window. In the new experiments, the patterns were then 
sorted into representative groups, which in this case consisted of 251 pattern vectors. 
Initially one multiple output MLP was then trained to perform the required transformation, 
using the generalized delta rule. In the last instance of the experiment 17 single-output MLPs 
were trained using the selective emphasis method. 

Training was generally carried out until the error on the training data suggested that no more 
learning would occur. It is believed that a better technique would be to train until the 
performance on a different evaluation data did not increase, and then determine the 
performance on a separate test data set. This techniques is a commonly used approach. 

Evaluation of the performance of the phonetic-feature detectors. 

The performance of the feature detectors was found from the receiver operating characteristic 
(ROC) of each detector (Levine & Schefner, 1981). This is a plot of the number (or 
proportion) of correctly identified patterns against the number of false alarms, for a changing 
detection criterion. The point used to characterise the ROC curve is the equal-error point, 
which is the point where the percentage of misses equals the percentage of false alarms. It 
is clear that the higher this value, the better the detector is at performing its task. In 
addition, the threshold value for which the equal-error point is found is also given in the 
results tables. For ideal feature output form, the ideal threshold value would be at 0.5, half 
way between the high and low ranges. 

It is important to note that this performance criterion compares the outputs from the feature 
detectors with the targets, and consequently any differences that occur at boundaries will 
show up as errors, whereas in actual fact they may be unimportant for the subsequent word 
recognition stage. 



8. WORD RECOGNITION USING THE MLP 

The isolated word recognition experiments carried out use the same basic approach as that 
adopted by Peeling & Moore, 1987. An input pattern vector was generated from an isolated 
utterance of a word by placing its acoustic-phonetic representation in the centre the pattern 
vector window of width 50 frames. The outer elements were then padded with the no speech 
present condition element values, which in this case corresponded to setting the silence 
feature output high and all the others feature outputs low. The vectors were then used to 
train either one multiple-output MLP classifier which had one output for each word in the 
vocabulary, or 10 single output individual word detectors MLPs. During recognition mode, the 
output node with the largest output value was found and the output word class that this node 
corresponded to was assigned as being the recognized word class 

9. PREVIOUS EXPERIMENTAL RESULTS 

Acoustic-uhonetic feature ~erformance. 

The network used in a previous experiment (Howard & Huckvale, 1989) had the configuration 
95-34-17, that is 95 inputs, 34 hidden nodes and 17 outputs. Adjacent layers were fully 
connected, and there were only connections between layers. Trainiig of the networks was 
carried out until there was little evidence of further performance to be gained by observation 
of the output error. In this experiment, training was performed without sorting the patterns 
into representative groups and the weight changes were made after every pattern presentation. 

The equal-error ROC results for this network appear in table 1. It was found that overall, 
good performance was achieved but some features gave bad performance with this network. 
Different training runs gave rise to different performances, especially for the lower 
performance features such as the 'UE' detector. The interpretation of this is that the network 
got stuck in local minima from which it could not escape. It can be seen that the 
performance for the 'UE' detector is rather poor, at only 60% 

TABLE 1 
Old acoustic-phonetic feature performance, speaker-independent. 
Network configuration 95-17-34. 

Feature Description 
SIL (silence) 
FRIC (frication) 
VOC (voicing) 
NAS (nasality) 
VFRIC (voiced frication) 
S (/S/ fricative) 
FTH (/f/,/T/ fricative) 
? (glottal stop) 
K-REL (W-release) 
T-ASP (It/-aspiration) 
EE-IH (/i/,fl/ vowel) 
E H  (/et vowel) 
UH (Wvowel) 
ER (schwa vowel) 
AW (101 vowel) 
UE (/u/,/U/ vowel) 
R (/r/glide) 

Test performance 
91.9% 
90.7% 
93.0% 
84.8% 
76.9% 
93.4% 
75.1% 
88.8% 
86.2% 
60.8% 
90.0% 
94.0% 
94.4% 
77.3% 
98.9% 
60.6% 
95.3% 



Word recognition performance. 

The old MLP word recognition experiment used all the feature detector outputs over 50 frames 
in time. The acoustic-phonetic feature detectors were run on the training data, and these 
traces were then used to train the word classifiers. The resulting confusion matrix appears in 
figure 1. In addition, the same training (part of it) data was used to train an 8-state 
Gaussian continuous distribution HMM recognizer (Russell & Cooke, 1984), using the vocoder 
data directly, and also a standard DTW recognizer, with slope constraints p = l (Sakoe & Chiba, 
1978). Figures 2 and 3 show the performance of the standard DTW algorithm and an &state 
continuous distribution HMM on the same test digit set. 

The word recognition performance of the DTW algorithm was highest, and there was no 
significant difference in overall performance between the HMM and MLP algorithms. However, 
it can be seen from the confusion matrix in figure 1, that the errors for the MLP were 
largely due to the failure of the digit 'two' detector. This poor performance can be traced 
back to the low performance of the 'UE' detector which is necessary for the discrimination of 
'two7 and 'zero' in this case. 

FIGURE 1. 
Confusion matrix for old MLP word recognition experiment on acoustic-phonetic features. 
Speaker-independent, word network configuration 850-10. 
Testing data performance. 
Number of matches = 500 
Overall recognition rate = 96.6% 

1 1 2 3 4 5 6 7 8 9 0  
m----- +------------------------------------------------------------------------ 
1 / 4 8 0 0 0 0 0 0 0 1 1  
2 ~ 0 3 9 1 1 0 0 0 0 0 9  
3 0 0 5 0 0 0 G 0 0 0 0  
4 0 0 0 5 0 0 0 0 0 0 0  
5 ~ 0 0 0 0 5 0 0 0 0 0 0  
6 ~ 0 0 0 0 0 5 0 0 0 0 0  
7 ~ 0 0 0 0 0 0 5 0 0 0 0  
8 ~ 0 2 0 0 0 1 0 4 7 0 0  
9 ~ 1 0 0 2 0 0 0 0 4 7 0  
0 ~ 0 0 0 0 0 0 0 0 0 5 0  

FIGURE 2. 
Confusion matrix for old DTW word recognition experiment on vocoder data. 
Speaker-independent, slope constraints p = l. 
Testing data performance. 
Number of matches = 500 
Overall recognition rate = 98.8% 



FIGURE 3. 
Confusion matrix for old HMM word recognition experiment on vocoder data. 
Speaker-independent, 8-state continuous Gaussian distribution. 
Testing data performance. 
Number of matches = 500 
Overall recognition rate = 96.2% 

1 1 2 3 4 5 6 7 8 9 0  

10. SMOOTHING AND DECIMATION OF THE ACOUSTIC-PHONETIC FEATURES 

The frame rate of the feature detector outputs is one factor that determines the size of the 
input vector to the word classifier. If the data-rate could be reduced, then the word 
classifier could also be correspondingly reduced in size. It was therefore considered 
worthwhile to investigate the decimation of the feature detector outputs. This operation 
consisted of low-pass filtering and then down-sampling the training and testing feature traces 
used in the last MLP experiment. The low-pass filter used was a Butterworth 2-pole design, 
with cutoff frequencies of 12.5Hz and 6.25Hz for the 2x and 4x decimation cases respectively. 
The filters used were certainly not optimal for the task and were used because they were 
readily available. 

The use of a low-pass filter on the output from the feature detectors also has the effect of 
mapping durations to amplitude value. This is particually true if the low-pass filter was a 
leaky integrator. In such a case, the effect of the low-pass filter could also be interpreted as 
performing some kind of time-normalization of the input feature. Such a scheme has 
similarities with an approach adopted by Gramss (Gramss & Strube, 1989). 

The experiment was carried out on the original acoustic-phonetic features. The word 
recognition was accidentally run for a multiple-speaker experiment, thus somewhat reducing 
the value of the results obtained. However, it is believed that they reflect about the same 
performance as could be achieved by performing the entire experiment speaker-independent, 
and the experiment will be repeated soon using FIR filters. 

Figure 4 shows the results for the 2x decimation cases for the test data. Figures 5 and 6 
show the test results for the 4x decimation cases, with a linear classifier and one with 20 
hidden units respectively. It was found that performance did decrease with increased 
decimation, but only very slightly and four times decimation still gave good recognition results 
with a linear word classifier. 



FIGURE 4. 
Confusion matrix for MLP word recognizer using 2x decimated acoustic-phonetic features. 
Multiple-speaker, word network configuration 425-10. 
cyc = 218, err = 0.329 
Testing data performance. 
Number of matches = 600 
Overall recognition rate = 96.7% 

1 1 2 3 4 5 6 7 8 9 0  

FIGURE 5. 
Confusion matrix for MLP word recognizer using 4x decimated acoustic-phonetic features. 
Multiple-speaker, word network configuration 212-10. 
cyc = 2271, err = 0.387 
Testing data performance. 
Number of matches = 600 
Overall recognition rate = 95.7% 

1 1 2 3 4 5 6 7 8 9 0  



RGURE 6. 
Confusion matrix for MLP word recognizer using 4x decimated acoustic-phonetic features. 
Multiple-speaker, word network configuration 212-20-10. 
cyc = 1612, err = 0.336 
Testing data performance. 
Number of matches = 600 
Overall recognition rate = 96.7% 

1 1 2 3 4 5 6 7 8 9 0  
------+-------------------------*---------------------------------------------- 
1 ~ 5 7 0 2 1 0 0 0 0 0 0  
2 ~ 0 5 8 0 0 0 1 0 0 0 1  
3 ~ 5 0 5 5 0 0 0 0 0 0 0  
4 0 0 0 5 9 0 0 0 0 1 0  
5 ~ 0 0 0 0 6 0 0 0 0 0 0  
6 ~ 0 0 0 0 0 5 9 0 1 0 0  
7 ~ 0 0 0 0 0 0 6 0 0 0 0  
8 ~ 0 0 0 0 0 0 0 6 0 0 0  
9 ~ 0 0 0 0 0 0 0 0 6 0 0  
0 ~ 0 7 0 0 0 1 0 0 0 5 2  

11. SPEAKER-INDEPENDENT RECOGNITION EXPERIMENTS 

The acoustic-phonetic feature detectors were retrained speaker-independently with a MLP 
network with more hidden units (50) than the original network (34). It was found that 
significantly higher speaker independent performance could be achieved with the larger 
network, which was also less prone to getting stuck in local minima during training. These 
results appear in table 2. 

TABLE 2. 
Acoustic-phonetic feature performance, speaker-independent. 
Network configuration 95-50-17. 
Error: 
Cycles: 
Feature Description 
SIL (silence) 
FRIC (frication) 
VOC (voicing) 
NAS (nasality) 
VFRIC (voiced frication) 
S (/S/ fricative) 
FTH (/f/,/T/ fricative) 
? (glottal stop) 
K-REL (/K/-release) 
T-ASP (Ithaspiration) 
EE-IH (/i/,/I/ vowel) 
E H  (/e/ vowel) 
U H  (/V/vowel) 
ER (schwa vowel) 
AW (/O/ vowel) 
UE (/u/,/U/ vowel) 
R (/r/&de) 

0.497 
145 
train 
94.7% 
94.7% 
96.0% 
93.9% 
86.4% 
94.5% 
90.4% 
97.8% 
97.3% 
93.4% 
93.9% 
95.7% 
96.6% 
86.2% 
99.1% 
92.8% 
95.8% 

test 
94.9% 
94.1% 
95.9% 
91.5% 
85.5% 
95.2% 
89.1% 
97.2% 
98.0% 
92.8% 
92.3% 
96.1% 
96.5% 
84.9% 
99.0% 
92.3% 
97.5% 

thresh 
0.31 
0.25 
0.47 
0.10 
0.02 
0.24 
0.06 
0.03 
0.06 
0.01 
0.17 
0.05 
0.17 
0.08 
0.16 
0.09 
0.23 

A speaker-independent word recognition experiment was then carried out using these features, 
and it was found that a performance of 99.2% could be achieved on the test data set. This is 
better than the original speaker-independent experiment and the increased performance is due 
to the fact that now the 'UE' phone detector was operating well and consequently the 



misclassifications of the digits 'two' and 'zero' no longer occurred. The confusion matrices 
for the performance on the training and test data are shown in figures 7 and 8. 

FIGURE 7. 
Confusion matrix for MLP word recognition experiment on acoustic-phonetic features. 
Speaker-independent, word network configuration 850-10. 
Cyc = 1320, err = 0.326 
Training data performance. 
Number of matches = 1500 
Overall recognition rate = 99.8% 

1 1 2 3 4 5 6 7 8 9 0  

FIGURE 8. 
Confusion matrix for MLP word recognition experiment on acoustic-phonetic features. 
Speaker-independent, word network configuration 850-10. 
Cyc = 1320, err = 0.326 
Testing data performance. 
Number of matches = 500 
Overall recognition rate = 99.2% 

1 1 2 3 4 5 6 7 8 9 0  

Separate training of feature detectors, with selected emuhasis method. 

The last set of experiments related to training each feature detector as a separate network, 
rather than using one large network for all the features at the same time. This approach was 
adopted because there are difficulties encountered when training one large network. Firstly, 
if any feature is to be removed, changed or added, then the entire large network must be 
retrained. Secondly, it has often been noticed that different output features learn at different 
rates. Therefore, it is believed preferable to train the features separately. 

It was found that the separate feature detectors trained well, and the selected emphasis 
methods was used for the last part of their training. Some detectors showed lower 
performance than those in the large network, suggesting that more hidden nodes were 
probably required. 



Training was performed using a network for each feature with 95 inputs, 5 hidden units and 
one output. The use of separate single output network made it possible to use the special 
emphasis learning mentioned earlier. The effect of the selective emphasis training helps make 
the output feature reach their target values better with less training and behave more like 
canonical features. In some cases, the selective emphasis training speeded up the training by 
about ten times, whereas in other cases it made little difference. One example is the training 
of the 'AW' detector. After only one cycle (lasting about 6 minutes on the Masscomp 
computer) it was possible to consistently achieve 98% recognition performance, whereas normal 
adaptive training gave only about 45% recognition performance. The : 
separately trained feature detectors appear below in table 3. 

results for all the 

TABLE 3. 
Separate network operation. 
95-5-1 network configuration. 
Feature Description 

SIL 
FRIC 
VOC 
NAS 
VFRIC 
S 
FTH 
? 
K-REL 
T-ASP 
EE-IH 
EH 
UH 
ER 
AW 
UE 
R 

(silence) 
(frication) 
(voicing) 
(nasality) 
(voiced frication) 
(/S/ fricative) 
(/f/,/T/ fricative) 
(glottal stop) 
(M-release) 
(It/-aspiration) 
(/il,/ll vowel) 
(/et vowel) 
(TV/ vowel) 
(schwa vowel) 
(101 vowel) 
(/u/,/U/ vowel) 
(/r/glide) 

Performance 
cyc = l 
test thresh 
93.9% 0.02 
92.4% 0.25 
93.9% 0.82 
88.0% 0.13 
81.1% 0.02 
92.9% 0.11 
81.0% 0.02 
23.6% 0.00 
82.4% 0.01 
88.7% 0.04 
87.1% 0.02 
94.6% 0.63 
95.9% 0.01 
79.8% 0.62 
98.7% 0.02 
82.1% 0.04 
97.3% 0.05 

cyc = 11 
test thresh 
94.2% 0.31 
92.4% 0.13 
93.9% 0.40 
88.2% 0.10 
80.5% 0.06 
94.1% 0.18 
80.6% 0.14 
15.3% 0.00 
90.2% 0.01 
87.6% 0.03 
90.1% 0.15 
94.6% 0.13 
96.7% 0.20 
82.2% 0.07 
98.7% 0.09 
82.7% 0.11 
97.3% 0.30 

cyc = 21, 10 ST. 
test thresh 
94.4% 0.32 
92.4% 0.13 
93.9% 0.40 
88.2% 0.11 
78.8% 0.05 
94.4% 0.19 
81.1% 0.10 
26.4% 0.00 
82.4% 0.01 
87.6% 0.03 
90.2% 0.1s 
94.6% 0.11 
96.6% 0.03 
81.8% 0.01 
99.3% 0.40 
83.4% 0.11 
97.3% 0.30 

Separate trainin~ of the word detectors with the selective emphasis method. 

The word detectors were also trained using individual networks and the selected emphasis 
method. The separately trained word detectors were then tested separately and recombined 
into a large network and then tested on the data in the previous way. Again, speaker- 
independent performance of 99.2% was achieved. Results for separately trained word detectors 
appear in table 4. 

Partial interconnect. 

It is apparent that different words generate a different pattern of activity in the phonetic 
feature detectors. In the case of phonemic feature detectors, only the features corresponding 
to the phonemes within the word would be activated. Thus if connections to only the 
features used by a word are made for each word detector, if the features work ideally, it 
should still be possible to distinguish the words. The situation is complicated in the case of 
non-ideal behaviour of the features, in which case other features may be useful to indicate 
the absence of the word. 

An approach to reduce word recognizer size was to use partial interconnect on the word 
classifiers, so that a given word detector only received input from features known a priori to 
occur in that word. This partial interconnect is highly structured, and this is important if the 



system is to be implemented to speed advantage using processors employing pipelining. The 
partial interconnections used for the word detectors are shown in table 5. The previous 
number of weights in digit word recognizer was 8500, whereas the number of weights in 
partial interconnect word recognizer is 2850, which constitutes only 33.5% of the original 
number of weights with no measurable reduction in recognition performance. Table 4 gives 
the individual performance of the partially interconnected word detectors, and the confusion 
matrix obtained after joining all the networks together and using the multiple-output network 
as before appears in figure 9. This recognition system was also tested on 2000 digits from 
the test data set, which should give more statistically reliable recognition performance. The 
confusion matrix for the 2000 digit test appears in figure 10. 

TABLE 4. 
Separate speaker independent digit recognizer performance 
Digit Full interconnect Partial interconnect - 

one 
two 
three 
four 
five 
six 
seven 
eight 
nine 
zero 

10 cyc. 
100% 
98% 
98% 
100% 
100% 
100% 
100% 
100% 
100% 
98% 

Thresh 
0.0 
0.01 
0.09 
0.29 
0.08 
0.2 
0.23 
0.3 
0.17 
0.09 

110 cyc. 
100% 
98% 
98% 
100% 
100% 
100% 
100% 
100% 
100% 
100% 

Thresh. 
0.74 
0.04 
0.26 
0.16 
0.13 
0.71 
0.39 
0.31 
0.53 
0.24 

10 cyc. 
100% 
98% 
98% 
100% 
100% 
100% 
100% 
100% 
98% 
98% 

TABLE 5. 
List of partial interconnect features used in recognition. 
one VOC ,UE, UH, NAS, SIL 
two T-ASP, UE, SIL, VOC, FRIC, EE-IH, ER 
three F-TH, R, EE-IH, SIL, FRIC 
four F-TH, AW, SIL, VOC, FRIC 
five F-TH, UH, ER, EE-IH, VFRIC, SIL 
six EE-IH, SIL, KREL, FRIC, VOC 
seven S, EH, VFRIC, ER, NAS, SIL 
eight GLOT, EH, EE-IH, T-ASP, SIL 
nine AS, UH, EE-IH, SIL 
zero S, VFRIC, EE-IH, R, UE, EH, SIL, FRIC, VOC 

Thresh 
0.33 
0.08 
0.1 
0.5 
0.2 
0.59 
0.37 
0.63 
0.14 
0.45 

20 cyc. Thresh 
loo.% 0.53 
loo.% 0.61 
98.0% 0.16 
loo.% 0.52 
loo.% 0.24 
loo.% 0.58 
loo.% 0.37 
loo.% 0.61 
98.0% 0.14 
98.0% 0.51 



FIGURE 9. 
Confusion matrix for MLP word recognition experiment on acoustic-phonetic features. 
Speaker-independent, word network partially interconnected, trained as ten separate 850-1 
networks, then recombined into one 850-10 network. 
Training cycles = 20. 
Testing data performance. 
Number of matches = 500 
Overall recognition rate = 99.2% 

1 1 2 3 4 5 6 7 8 9 0  
------+-------------------------.---------------------------------------------- 
1 ~ 5 0 0 0 0 0 0 0 0 0 0  
2 ~ 0 5 0 0 0 0 0 0 0 0 0  
3 0 0 5 0 0 0 0 0 0 0 0  
4 ~ 0 0 0 4 9 0 0 0 1 0 0  
5 ~ 0 0 0 0 5 0 0 0 0 0 0  
6 ~ 0 0 0 0 0 4 9 0 0 0 1  
7 ~ 0 0 0 0 0 0 5 0 0 0 0  
8 ~ 0 0 0 0 0 0 0 5 0 0 0  
9 ~ 0 0 0 0 0 0 0 0 5 0 0  
0 ~ 0 2 0 0 0 0 0 0 0 4 8  

FIGURE 10. 
Confusion matrix for MLP word recognition experiment on acoustic-phonetic features. 
Speaker-independent, word network partially interconnected, trained as ten separate 850-1 
networks, then recombined into one 850-10 network. 
Training cycles = 20. 
Testing data performance. 
Number of matches = 2000 
Overall recognition rate = 98.5% 

1 1 2 3 4 5 6 7 8 9 0  

12. PRUNING OF WEIGHTS IN THE MLP NETWORKS 

Finally, the effect of pruning al l  the weights from the acoustic-phonetic feature detectors and 
from the partially interconnected MLP word recognizer was investigated. 

Pruning of weights in the acoustic-phonetic feature detectors. 

It is known that pruning weights from a network often has little effect on recognition 
performance in many applications (Mozer & Smolensky, 1989). This was investigated by simply 
removing a certain percentage of the weights using the selection criterion that lowest 
magnitude weights were removed first. Such a reduction in weights also has the potential to 
reduce computation, especially in recognition, which can be taken of advantage of with serial 
implementations of networks. Table 6 shown the performance of the acoustic-phonetic feature 



detectors as the percentage pruned weights increases. It was found that without retraining 
about 50% of the weights could be removed without affecting performance, and 80% if 
retraining was then carried out. 

TABLE 6. 
Effect of weight pruning in the acoustic-phonetic 
threshold. 
Feature 

SIL 
FRIC 
VOC 
NAS 
VFRIC 
S 
FTH 
? 
K-REL 
T-ASP 
EE-IH 
E H  
UH 
ER 
AW 
U E  
R 

Performance 
60% 
test thresh 
94.3% 0.42 
92.1% 0.22 
93.8% 0.57 
89.0% 0.23 
74.4% 0.02 
93.9% 0.24 
80.8% 0.05 
83.3% 0.00 
84.3% 0.01 
79.4% 0.01 
89.9% 0.13 
94.6% 0.09 
96.0% 0.16 
82.0% 0.03 
99.0% 0.09 
79.9% 0.08 
97.3% 0.47 

70% 
test thresh 
94.1% 0.27 
92.3% 0.08 
93.8% 0.83 
86.9% 0.12 
76.5% 0.02 
94.0% 0.26 
79.9% 0.02 
87.5% 0.01 
90.2% 0.01 
83.5% 0.01 
90.1% 0.09 
95.2% 0.11 
95.9% 0.11 
82.7% 0.01 
99.0% 0.03 
81.1% 0.11 
96.8% 0.31 

80% 
test thresh 
93.9% 0.20 
91.3% 0.05 
93.5% 0.70 
86.7% 0.34 
78.0% 0.02 
93.2% 0.37 
78.3% 0.07 
87.5% 0.01 
78.4% 0.01 
82.5% 0.01 
89.4% 0.08 
94.3% 0.11 
95.9% 0.11 
82.2% 0.02 
99.1% 0.03 
77.9% 0.10 
96.5% 0.19 

feature detectors below a magnitude 

80% retrained,cyc = l 
test thresh 
94.0% 0.28 
91.4% 0.16 
93.5% 0.44 
88.1% 0.12 
74.6% 0.02 
93.9% 0.16 
81.4% 0.12 
88.9% 0.01 
86.3% 0.02 
82.5% 0.01 
89.5% 0.13 
94.6% 0.13 
96.1% 0.07 
80.7% 0.02 
99.1% 0.45 
77.7% 0.09 
96.8% 0.25 

Pruning of weights in the word detectors. 

Table 7 shows the performance of the partial-interconnect MLP word recognizer on the 500 
test digits with increased pruning of the weights. In addition, all the other performance 
results are included for the ease of overall comparisons. It can be seen that around 70% of 
the weights in the word recognizer can be removed without affecting word recognition 
performance. The effect of pruning 95% of the weights from the MLP partially interconnected 
word recognizers are also given in the confusion matrix in figure 11. It is interesting to 
observe the fact that it is possible to reduce the number of weights in the network, by a 
combination of pruning and a priori partial interconnect, to only about 10% of the original 
number and still have good performance, without even retraining the network. 



FIGURE 11. 
Confusion matrix for MLP word recognition experiment on acoustic-phonetic features. 
Speaker-independent, word network partially interconnected, trained as ten separate 850-1 
networks, then recombined into one 850-10 network. 
Pruned network with 95% of weights removed. 
Training cycles = 20. 
Testing data performance. 

------ +---------------------------------------------------------. 
1 ~ 4 7 0 1 2 0 0 0 0  
2 ] 0 4 2 3 0 0 2 0 0  
3 ~ 0 0 5 0 0 0 0 0 0  
4 ~ 0 0 0 4 9 0 0 0 1  
5 ~ 0 0 0 0 5 0 0 0 0  
6 ~ 0 0 0 0 0 5 0 0 0  
7 / 0 0 0 5 0 0 4 5 0  
8 1 2 0 0 0 0 0 0 4 8  
9 0 0 0 1 4 0 0 0 0  
0 ~ 0 1 0 0 0 2 0 0  
TABLE 7. 
WORD RECOGNITION RESULTS 
S.1 is speaker independent. 
M.S is multiple speaker. 
VOC is vocoder data input. 
AP is acoustic-phonetic feature input. 
Results on 500 test digits. 
TYPE CONFIG INPUT EXP 
HMM 8-state,Gauss. VOC S.1 
DTW p = l .  VOC S.1 
MLP 850-10 0ldAP S .I 
MLP 425-10 MS-AP, deci = 2M.S 
MLP 212-10 MS-AP, deci = 4M.S 
MLP 850-10 SI-AP S.1 
MLP 10*850-1 SI-AP S.1 
MLP 10*850-1 SI-AP S.1 
MLP 10*850-1 SI-AP S.1 
MLP 10*850-1 SI-AP S.1 
MLP 10*850-1 SI-AP S.1 
MLP 10X850-1 SI-AP S.1 
MLP lO"850-1 SI-AP S.1 
MLP 10*850-1 SI-AP S.1 

P.I./FULL 
NI A 
NI A 
FULL 
FULL 
FULL 
FULL 
FULL 
P.1 
P.I,PRUNE 50% 
P.I,PRUNE 60% 
P.I,PRUNE 70% 
P.I,PRUNE 80% 
P.I,PRUNE 90% 
P.I,PRUNE 95% 

TRAIN TEST 
95.6% 
98.8% 

98.1% 96.2% 
96.5% 96.7% 
97.5% 95.7% 
99.9% 99.2% 
99.6% 99.2% 
99.7% 99.2% 

98.6% 
98.8% 
98.0% 
97.8% 
97.2% 
92.8% 

Result on 2000 test digits. 
TYPE CONFIG INPUT EXP P.I./FULL TRAIN TEST 
MLP 10*850-1 SI-AP S .I P.1 99.7% 98.5% 

13. SUMMARY OF RESULTS 

The main thrust of the speech recognition work was to show that the use of an intermediate 
representation in the analysis of speech is beneficial. The results obtained so far indicate 
that good recognition performance can be achieved using the MLP. By breaking up the 
analysis into a set of earlier sub-problems, the overall problem is easier to solve. The use of 
acoustic-phonetic features can be interpreted as a means of including a priori knowledge into 
a MLP network for the purposes of speech recognition. The use of such a structured modular 
approach opens up many possibilities for improving the multiple speaker recognition rate of 
speech recognizers, and at the same time reducing computational requirements and training 



times. It was found useful to train each feature detector and word detector in islation from 
the other, because different feature train at different rates and such a scheme speeds up 
training. 

It has been found possible to reduce the number of weights required in the recognition MLP 
system by three different approached. Using decimation of the acoustic-phonetic features, 
using partial interconnect in the word detectors to features known a priori to be important 
for the given word, and by pruning the weights after training. It is believed that a 
combination of al l  three techniques could be used to advantage in a practical speech 
recognition system. 

14. FTJTURE WORK 

Large vocabulary. 

The recognition results achieved with the current database are too high to be able to reliably 
evaluate improvements to the recognition strategy. It is intended to run future experiments 
on a large thousand word vocabulary that is presently being designed and collected in 
conjunction with Mark Huckvale. 
Continuous speech. 

Problems in continuous speech recognition are also being considered. The feature detectors on 
a continuous passage of speech are currently being re-trained with the emphasis method. The 
use of continuous speech poses similar problems for word detection as those already posed by 
phonetic feature detection in isolated word recognition. That is, the units are difficult to 
locate precisely in time since their boundaries are often diffuse. It is believed that a similar 
treatment is required in both cases. 

Real-time imvlementation of recognition system. 

Future work will soon be underway to implement the current system in real-time on an AT&T 
signal processor. 

Different vre-processinn of the speech. 

It is known from psycho-acoustic experiments that temporal changes in speech are more 
important than absolute values of acoustic parameters. Consequently there may be some 
advantage in employing differenced spectral parameters with a non-linear Bark frequency scale 
(Gramss & Strube, 1990). In addition, the issues of input scaling and normalization must be 
looked at in more detail. One such issue is the use of an automatic gain control (AGC). 

Prosodic features (intonation) is believed to be valuable in speech recognition. This is 
specially true in the case of tone languages such as chinese. In future work, the effect of 
using intonation as well as phonetic features will be investigated. 

A vriori network initialization. 

It may be possible to speed up training by initializing networks with weights that are almost 
the ones needed to solve the particular problem. One way of achieving this would be to train 
a detector to first perform a general task, such as speech present detection. This detector 
could then be used to initialize more specific detectors, such as voiced and fricative speech 
detection. These in turn could then be specialized further. 

Speech labelling issues. 

Difficulties arise in labelling speech with linear phonological symbols because the exact 



location of acoustic events are often hard to specify. It is believed that there is benefit in 
training output targets that are continuously valued, where the target value represents some 
aspect of the probability of that feature being present. In addition a labelling scheme in 
which the labels are asyncronous to each other and relate to the different articulations and 
excitations separately would probably be valuable. These issues will both be explored in the 
future. 
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